The State Children's Health Insurance Program (SCHIP) was established by the Balanced Budget Act (BBA) of 1997 (Public Law 105-133) and provides federal matching payments to states to initiate and expand health assistance to uninsured, low-income children. The federal government allocated $3.15 billion to $4.2 billion per year to participating states for fiscal years [1998] [1999] [2000] [2001] [2002] [2003] [2004] . States have used these funds to develop new stand-alone programs or to fund Medicaid expansions for poor children. The federal funds used to support state health care programs are critical to states facing a severe fiscal environment where all funding allocations are being critically examined. Over two-thirds of states report declining revenues and more than half face budget deficits for 2003, totaling at least $68.5 billion for fiscal year 2004 (National Conference of State Legislatures 2003) . State health care programs, such as Medicaid and SCHIP, are targets of spending cuts as health care costs continue to grow and state spending outpaces state revenues.
Given the tight fiscal environment at the state level, there is a need for sound projections of federal support for health care programs in the years ahead. As states scrutinize their budgets and develop priorities for future spending, it is critical that federal matching funds be as stable and predictable over time as possible. Our initial evaluation of the SCHIP funding allocations to states shows that this is not the case. We document an average variation of 22% in the allocations of federal funds to the states between 1999 and 2002. In this paper, we examine the source of this variation and explore alternatives to key elements of the formula to make it more reliable and stable in the future.
Survey Data and Federal Funding Formula
In the 1930s, Congress began a grant-in-aid system that used data collected by the Census Bureau to allocate federal funds to state and local governments. This system required the Census Bureau to collect detailed income, poverty, and migration data as part of its decennial census. This general system is still in place today (Anderson and Fienberg 1999) . 1 More recently, the federal government has begun to use non-decennial census data in its federal funding formulas, including data generated from statistical modeling and direct survey estimates. The need for alternative data sources was derived in part from the fact that the decennial census is conducted once every 10 years and a substantial amount of change can occur over this time span. In an attempt to use more up-to-date estimates, the Census Bureau began its model-based ''Small Area Income and Poverty Estimates (SAIPE).'' The SAIPE model relies on demographic survey data and administrative records to model estimates that currently are used to allocate Title I education funds (National Research Council 2000) . The State Children's Health Insurance Program, administered by the Centers for Medicare and Medicaid Services (CMS), also uses Census Bureau data to allocate its program dollars to states. What makes the SCHIP program unique among the grant-inaid federal formulas is that it relies heavily on direct state estimates derived from the Annual Demographic Supplement to the Current Population Survey (CPS-ADS) for one of the two components of its funding formula.
As noted, SCHIP makes available $3 billion to $4.2 billion per year to states to expand health insurance coverage to low-income uninsured children. Today, all 50 states plus the District of Columbia have developed and implemented SCHIP (Rosenbach et al. 2001) . To target funds to states with the greatest need, Congress initially specified that the SCHIP funds must be allocated to states with the greatest number of uninsured children age 18 and younger living in families with incomes below 200% of the federal poverty level (FPL). As specified, the estimate of low-income uninsured children is to be drawn from the CPS-ADS to comprise the ''child component'' of the SCHIP formula.
2 The child component is to be combined with a measure of the state ''health care cost factor'' to determine the state's allotment of SCHIP funds. Health care costs can vary widely by state and, therefore, it may cost less (or more) to insure a child in one state than in another. The state health care cost factor is used in the formula to control for the cost difference among states in the delivery of health care services (Federal Register 2000a) .
Beginning in FY 2001, there was to be a gradual phase-in of a blended CPS-ADS child component (Federal Register 2000a) . The blended CPS-ADS child component was to eventually combine the number of uninsured children in families below 200% of poverty with the total number of children in the state in families below 200% of poverty, eventually weighting each estimate by .5 and summing the total. This blended formula was devised recognizing that once children began enrolling in SCHIP, use of the original single measure of the number of uninsured children below 200% of poverty would, in effect, penalize states for covering children because the federal allocations would be reduced as the need was met.
The phase-in of the blended CPS-ADS child component into the SCHIP formula occurred faster than called for in the original legislation. Section 701(a)(1) of the Balanced Budget Refinement Act of 1999 (BBRA) accelerated the phasein of the blended sum (Federal Register 2000a) . Table 1 illustrates the actual SCHIP allocation formula used in the various fiscal years and how the change was phased in.
This change in the law occurred because the initial formula was unstable, partly due to the large sampling error associated with the estimate of the number of uninsured children living in families below 200% of poverty. The average state relative standard error (RSE) (the standard error divided by the estimate) for the initial CPS-ADS child component of the formula was 20%. This meant for an average state with a $50 million SCHIP allocation (and a state health cost factor of one), the 95% confidence interval (CI) was $30 million to $70 million. The unsettling notion of a $40 million spread of confidence for a $50 million dollar SCHIP allocation helped speed up phase-in of the blended child component to reduce the RSE associated with the original child component. Along with the blended CPS-ADS child component, the SCHIP formula was further amended in 1999 to include four ''hold-harmless'' provisions intended to protect states from year-to-year fluctuation in funding. Under the provisions, no state could: 1) lose more than 10% of its share of the previous year's funding level; 2) fall below 70% of its 1999 allotment in any subsequent year; 3) obtain more than 145% of its 1999 allotment in any subsequent year; or 4) receive less than $2,000,000 (Federal Register 2000a) .
Due to the combination of formula adjustments, sampling error in the formula inputs, and change in the number of children measured as part of the blended CPS-ADS component over time, there has been substantial variation in the proportion of the SCHIP funds allocated to states. From 1999 to 2002, a state's share of the total SCHIP allotment changed by an average of 22% (Federal Register 2000b , 2000c , 2001a , 2001b . For example, assuming a constant overall allocation total, the $50 million allocated to an average state in 1999 could be $11 million higher or lower in 2002. This $22 million spread (plus or minus $11 million) in the actual allocation represents significant variation, making it difficult for states to project, manage, and administer SCHIP.
Three Potential Sources of Observed Variation
The remainder of this paper examines the three potential sources of the observed variation in SCHIP allocations over a four-year period. As seen in Table 2 (column 2) the variation over the four years is large. We are specifically interested in parsing out whether the variation is due: 1) to change in the structure of the formula itself (discussed previously in detail); 2) to actual demographic changes over time in the phenomenon being measured (the state health cost factor and the CPS-ADS child component); or 3) to random measurement error in the estimates used in the formula.
We examine the effect of each of the three potential sources of variation by attempting to isolate them one by one. First, we isolate the changes in the structure of the formula by simulating what would have happened had the current formula (with the blended CPS-ADS child component and the hold-harmless provisions) been used in each of the four years. We then further restrict the simulations to see whether the state health cost factor or the CPS-ADS child component is responsible for most of the change in the allocations over time. Next, we examine whether change in the simulated SCHIP funding formula can be attributed to actual demographic dynamics captured in the blended CPS-ADS child component within the states (e.g., changes in the weighted number of uninsured children in families under 200% FPL and the number of children in families under 200% FPL). Finally, we examine two potential ways to reduce the amount of variation in the state allocations due to the SCHIP funding formula. The first is to use data from the American Community Survey (ACS) 3 in the blended child component; the second is to combine both the ACS and CPS-ADS data to produce a model-based estimate of the CPS-ADS child component.
Methods and Data
To isolate the effect of changing the structure of the SCHIP formula from FY 1999-2002, we simulated what the state's proportion of the overall allocation would have been had the current blended CPS-ADS child component (first used in the FY 2001 formula) been used in all four years. The data for the state health cost factor component of the formula came from the Federal Register (2000b Register ( , 2000c Register ( , 2001a Register ( , 2001b , 4 and the child components for each of the years were recomputed using the blended CPS-ADS child component and the CPS-ADS data.
5 Also in Table 2 is a simulation over the same time period holding the state health cost factor constant at its FY 2001 level, but allowing the CPS-ADS child components to vary. This allowed us to observe how much of the per state variation is due to the state health cost factor and the changes in the structure of the formula over time. We further investigated whether the remaining variation is attributable to actual changes in the phenomenon being measured by the CPS-ADS child component (the weighted average of the number of children below 200% of poverty and the number of uninsured children below 200% of poverty) or whether the variation is caused by random error. We calculated the blended CPS-ADS child component formula using the appropriate years of data for FY 1999 and FY 2002. 6 We computed a simple independent sample t-test to assess whether there is a statistically significant difference between the FY 1999 child component and the FY 2002 CPS-ADS child component. The standard errors for the CPS-ADS child components were obtained by pooling the standard errors of correlated estimates.
To estimate the variance (the standard error squared) for the blended CPS-ADS child component, we used the following formulation: We then simulated the reduction in the random error that could be achieved by replacing both of the CPS-ADS estimates used in the child component of the SCHIP formula with estimates from the new CPS-ADS expanded sample (U.S. Census Bureau 2000a) and from a fully implemented American Community Survey (Alexander 1998) . 8 In order to do this, we simulated the RSEs for the blended CPS-ADS child component under three conditions: 1) using three-year estimates of nonexpanded sample data; 2) using three years of the fully expanded sample data; and 3) using three years of the fully implemented ACS data.
Beginning in 2001, the CPS-ADS was expanded from 49,596 to 78,000 interviewed households (U.S. Census Bureau 2002a). The additional households were not evenly distributed across states (U.S. Census Bureau 2002a). 9 The fully expanded three-year CPS-ADS estimates will be available after the 2003 March Supplement has been released. However, the impact of this expansion will not be inte- The ACS could be used as an alternative data source in the SCHIP funding formula in combination with the CPS-ADS if it were fully funded (see note 8). The ACS will be an annual survey of roughly three million addresses throughout the United States that includes almost the same question content as the decennial census long form (Alexander 1998) . The Census Bureau hopes to have the ACS fully implemented by 2004 and to have it replace the decennial census long form in 2010. The ACS could be used to produce more precise state-level estimates of the number of children below 200% of poverty than currently available from the CPS-ADS. Using three-year averages of ACS data for the poverty component of the SCHIP formula should reduce the effect of sampling error on the year-to-year allocation fluctuations. The ACS, however, cannot supply all the data for the child component of the formula because it currently does not include questions on health insurance coverage.
To simulate the standard errors of a fully implemented ACS, we used Census 2000 supplementary survey data (C2SS). The C2SS was a nationwide test of the ACS undertaken during calendar year 2000. The sample size of the C2SS was about 890,698 households (U.S. Census Bureau 2002c). Because the actual C2SS estimates of the number of children living in families below 200% of poverty within each state were not available, we requested a special tabulation from the Census Bureau. The special tabulation we received was the number of children under 18 who were living in families below 200% of poverty and the standard error of the estimate. 10 We adjusted these standard errors to the fully implemented ACS sample size of three million addresses by multiplying the special tabulation's standard errors by the square root of the C2SS sample size for each state, divided by the projected ACS state sample size. We then pooled the adjusted C2SS estimates to simulate a threeyear estimate of the number of children below 200% of poverty. The simulated three-year ACS estimate of the number of children living in families below 200% FPL was substituted for the CPS-ADS three-year estimate of the number of children below 200% FPL in the blended CPS-ADS child component with the expanded sample estimate of the number of children below 200% of poverty without health insurance.
11 The results are reported in Table 4 .
The final analysis presented in this paper compares the C2SS point estimates of the number of children under 18 living in families below 200% of poverty to the 2000 CPS-ADS point estimates of the number of children under 18 in families below 200% of poverty.
12 The reported standard errors were calculated assuming the data were collected as part of the fully implemented ACS sample and the fully expanded CPS-ADS sample following the same procedures used in Table 4 . 13 The point estimates and standard errors were used to compute a mean squared errors ratio (MSER). The MSER is the mean squared error (MSE) of the ACS data divided by the MSE of the CPS-ADS data that allows us to compare the trade-off in bias versus precision between the CPS-ADS and the ACS. The MSE for the CPS-ADS was calculated assuming no error in the CPS-ADS estimate (i.e., bias ¼ 0) and the MSE for the ACS data assumes that all the differences between the ACS and CPS-ADS estimates are due to error.
Computation of the mean squared errors ratio:
MSE a is the mean squared error for the CPS-ADS data. MSE u is the MSE for the ACS estimate. The bias is equal to the CPS-ADS estimate minus the ACS estimate (X a ÿ X u ). The results reported in Table 5 take the square root of the MSER to obtain the root mean squared errors ratio (RMSER) to present the data in the results in the same metric as the original data. RMSERs below 1 indicate the ACS is preferable (i.e., the gain in precision is larger than the bias introduced) and RMSERs above 1 indicate the CPS-ADS is preferable in terms of the bias-to-precision trade-off.
Results
Two simulations of each state's proportion of the SCHIP funding allocation are presented in Table  2 . The first simulation used the current SCHIP allocation with the blended CPS-ADS child component (and updated hold harmless provisions) in each of the four years. The second simulation held the state health cost factor constant at its FY 2001 values. Both simulations in Table 2 show an average change of 11% in the proportion of the SCHIP allocation per state over the four years. We also provide simulated year-to-year change in allocations to illustrate the level of annual fluctuations. Roughly half of the variation observed in the actual SCHIP allocations over the first four years was due to changes in the formula itself and roughly half was due to changes in the CPS-ADS child component. In both simulations, there was about 5% annual average change per state in level of allocations.
To determine whether the 11% average change per state in the CPS-ADS child component from 1999-2002 corresponded with a statistically significant change in the phenomenon being measured (i.e., the weighted average of uninsured children in families below 200% FPL and the weighted average of the number of children in families below 200% FPL), we evaluated whether there was a significant difference between the simulated CPS-ADS child component used in FY 1999 and the simulated CPS-ADS child component used in FY 2002.
14 The results of this analysis appear in Table 3 . No state experienced a statistically significant change in the CPS-ADS child component of the formula from 1999 to 2002.
The analysis presented in Table 4 shows that the RSEs from the nonexpanded blended CPS-ADS child component averaged about 12%. RSEs ranged from a low of 5% in California to a high of 18% in Connecticut. A 12% average RSE is large and leads to 95% confidence intervals equal to the child component plus or minus 24% of the estimate. In other words, if a hypothetical state with a 12% RSE (and a state health cost factor equal to 1) were allocated $50 million, the 95% confidence interval would be $62 million to $38 million. This is a wide confidence interval and it can greatly affect a state's overall share of the SCHIP allocations depending on where the true state child component actually falls. Table 4 also compares the RSEs from the nonexpanded CPS-ADS to the fully expanded CPS-ADS and the child component that uses the fully implemented ACS poverty estimate for one of the two pieces of the child component. When the data from the fully expanded CPS-ADS were used in the SCHIP formula, the average RSE was reduced by 29% (over the nonexpanded sample CPS-ADS child component) to an average RSE of 8.2%. The average RSE using a simulated ACS three-year estimate of the number of children living in families under 200% of poverty was 3.6%. This is 67% lower than the nonexpanded CPS-ADS sample RSE and 55% lower than the expanded CPS-ADS sample RSE. Table 5 shows estimates of the number of children under 18 living in families below 200% FPL from the 2000 CPS-ADS and the C2SS. The standard errors presented in the table are simulations assuming that the expanded sample size for the CPS-ADS in 2000 and the C2SS standard errors are adjusted assuming a fully implemented ACS. The largest percentage difference (using absolute values) between the CPS-ADS and C2SS estimates are in South Dakota (with a 44% difference), and in Vermont, New Hampshire, and Delaware (with a 32% difference in the number of poor children). The largest difference in estimates of absolute numbers occurred in California, which had 348,933 fewer poor children using the C2SS. The smallest difference was in Maine, which had 241 fewer poor children using the C2SS. In the United States overall, the difference was 46,731 more children in families below 200% of poverty in the CPS-ADS than in the C2SS. When comparing the RMSERs between the CPS-ADS and ACS estimates, most states had a ratio exceeding one, which means that the CPS-ADS is preferable in the basic bias and precision RMSER measures. Only 18 of 51 states had a ratio equal to or less than one (and one of these states, Mississippi, had a ratio of .99 or just about one). The remaining 33 of 51 states had ratios above one with the largest ratios in Vermont (6.06) and South Dakota (8.2).
Discussion
Our analysis shows that SCHIP funding allocations in the fourth year of implementation varied, on average, 22% more or less than the funding allocations in the first year. Given the current SCHIP formula inputs, fluctuations on the order of 10% per year (and possibly even higher) could reasonably be attributed to random variation alone. These large swings in funding over time could make the administration of SCHIP more difficult, especially in years of state budget shortfalls. As all aspects of state budgets are being examined for potential cost cutting, reliable and stable funding for the federal component of SCHIP will be critical for state spending projections and priority setting. While this paper has focused on SCHIP formula allocations over the first years of the program, in practice, the variation has not had a large impact on most states because: 1) SCHIP had a relatively slow start-up for most states; 2) federal dollars are a match to state expenditures and are not expended unless states allocate their own funds to the program; and, 3) states have the ability to roll over their unspent funds for up to three years. In FY 2000, only 11 states used up their entire allocations (Rosenbach et al. 2001) . As long as states were under-spending their SCHIP allocations, the large amount of fluctuation in funding was not a big problem. This situation, however, is projected to change during the current fiscal year, with 32 states expected to exhaust their SCHIP funding (Park, Ku, and Broaddus 2002) . As states look for ways to leverage every state dollar spent, federal matching payments for health programs will be one important vehicle. In addition, there continue to be increasing numbers of uninsured, with 14 states showing a significant increase between 2000 and 2001 (Mills 2002) . This creates additional pressure on state health care programs to meet the needs of its citizens.
Our analysis shows that approximately 50% of the actual change in state allocations in the first four years was due to changes in the structure of the formula that were phased in over this time. When simulating what the change would have been if the formula were held constant over time, the average change per state was 11%. Furthermore, when holding the state health cost factor constant at its FY 2001 value, the percentage change over the four years was still an average of 11%. As shown in Table 3 , the large amount of variation was not the result of statistically significant changes in the CPS-ADS child component of the formula. That is, there were no significant shifts in the weighted estimates of the number of uninsured children in families under 200% FPL, and in the number of children in families under 200% of poverty.
Our analysis demonstrates that using ACS poverty data rather than the CPS-ADS potentially provides more precise estimates for one of the two child components of the SCHIP funding formula. However, using the ACS also has significant costs associated with it. The CPS-ADS estimates of income, labor force participation, and poverty are likely to be more valid (although not nearly as precise) than the ACS (Butani, Alexander, and Esposito 1999) . The ACS estimates may be biased relative to the CPS-ADS estimates for a variety of reasons. For example, the CPS-ADS uses professional field representatives for all of its data collection, whereas the ACS relies on an initial mail survey. The CPS-ADS instrument contains more detailed questions and internal consistency checks to collect income data and family relationship data-both of which are needed for accurate poverty measures. Although all the differences between the CPS and ACS estimates for the purposes of this paper are attributed to bias in the ACS estimates, this does not mean that the ACS data are not preferable to the CPS-ADS data in other dimensions.
The CPS-ADS data are defined by law as the standard and any difference from that standard is considered biased. However, the ACS and CPS-ADS estimates differ for reasons of design as well. For example, the ACS and CPS-ADS data have different time references for income data. The CPS-ADS asks about income during the prior calendar year and the ACS asks about income over the past 12 months. Because the ACS is fielded continuously throughout the year, as many as 12 months or as few as only one month may overlap between the reference periods used in the two surveys. The change in the time reference, so far as it produces different estimates, is considered to be a ''bias'' in the sense that the CPS-ADS estimate is currently the statutory standard.
The RMSER is only smaller for 18 out of 50 states and the District of Columbia, as shown in Table 5 . The CPS-ADS data are preferable to the ACS data for almost two-thirds of the states. For these states, any increase in precision is outweighed by bias introduced by using the ACS estimates. This initial comparison indicates a tendency to prefer the CPS-ADS expanded sample numbers over the ACS estimates using the RMSER as the criteria. Because of this and the fact that the full ACS has yet to secure its complete funding, an important avenue for future research will be in reducing the bias between the ACS and the CPS-ADS estimates while retaining the increased precision. This could be achieved by developing model-based estimates that com-bine both the ACS data and the CPS-ADS data to obtain less biased and more precise estimates. Preliminary work on model-based estimates for the SCHIP formula has been conducted using one year of CPS-ADS data (Fisher and Campbell 2002) . These model-based estimates tend to be more precise than the three-year CPS-ADS direct estimates currently used in the formula. Using the ACS poverty data could improve these modelbased estimates further, and combining the strengths of the CPS-ADS (validity) with the strengths of the ACS (precision) might produce an even better SCHIP formula.
In addition, the Census Bureau should continue examining the use of a SAIPE type model to develop more precise estimates of a state's number of uninsured children living in families below 200% FPL and its total number of children living in families below 200% of poverty. The gains in precision and reductions in bias that could come from the combination of the large ACS sample size, the CPS-ADS uninsurance and poverty data, and the administrative records database that SAIPE currently uses could greatly improve the SCHIP formula. This type of modeling currently is used for Title I education funding, using model-based estimates for smaller geographic areas (school districts and counties) (National Research Council 2000) . Producing state estimates for use in the SCHIP formula would be a logical extension of this work. If further research shows that model-based estimates that combine data sources (e.g., administrative records, ACS, CPS-ADS, and decennial census) are preferred from both bias and precision points of view, then they should be considered to replace the current SCHIP formula estimates. Using model-based estimates of this type has the potential to greatly reduce the amount of random fluctuation in funding built into the current SCHIP formula.
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1 Census 2000 recently mounted a successful marketing campaign to highlight the extensive use of census data in funding allocations for state and local programs. 2 This paper does not address whether the concept being measured by ''child component'' is an appropriate measure of need for SCHIP allocations nor do we address the appropriateness of the change in the ''child component'' concept over time that was built into the SCHIP legislation. We only address whether the actual data put into the formula cause a great deal of random variation in allocations over time. 3 The ACS was chosen because it could be, if fully funded by the federal government, the new source of decennial census long form data on an annual basis, and is by far the largest data collection effort (in both the number of people interviewed and the amount of money spent) available to produce poverty, age, and state-specific estimates. Census Bureau 2000b) . So an independent sample T-test is biased towards finding significance when there is none. However, no statistically significant differences were found. 8 ACS is currently under funding consideration by Congress and the president. The Census Bureau's expectation is that the ACS will be fully funded, but there is a strong possibility that it will not receive the full support that the bureau is expecting. 9 Part of the CPS-ADS sample increase was aimed at those states with the highest standard errors associated with their estimate of low-income uninsured children. Additional samples were generated in all states by including households with children and minorities that were in the CPS-ADS in April and February but not in the March CPS-ADS, which is the Annual Demographic Supplement. Finally, households with minority members and children in the outgoing November CPS-ADS rotation group were given the demographic supplement in February through April (Davern et al. 2003) .
10 Unfortunately, contrary to the SCHIP formula, the data we received did not include 18 year olds. 11 The ACS will not have the same households within the sample from one year to the next as the CPS-ADS does. This reduces the correlation between estimates from successive years down from .35 (U.S. Census Bureau 2000b , 2002b 
